The recovery of materials from DW is an important target of the recycling industry and it is important to know which materials are present in order to set up efficient sorting and/or quality control actions. The implementation of an automatic recognition system of recovered products from End-Of-Life (EOL) concrete materials can be a useful way to maximize DW conversion into secondary raw materials. In this paper a new approach, based on HyperSpectral Imaging (HSI) sensors, is investigated in order to develop suitable and low cost strategies finalized to the preliminary detection and characterization of materials constituting Demolition Waste (DW) flow stream. Results showed that it is possible to recognize DW materials and to distinguish the recycled aggregates from the investigated contaminants (brick, gypsum, plastic, wood and foam). 
Introduction
The huge amount of generated Construction and Demolition Waste (CDW) constitutes a serious problem. Eurostat estimated a total production of 970 million tons/year, representing an average value of almost 2.0 ton/per capita only in Europe [1] . This estimation is lower than the reality because this type of waste is often illegally dumped. On the other hand, during the last century, the use of global materials increased eight-fold with almost 60 billion tons currently used per year. It has been forecast that the demand for these materials will double by 2050.
CDW recycling is of fundamental importance because it allows to have "new materials" to use, but also because it reduces environmental pressure, preventing the increase of land use for waste disposal and also avoiding the exploitation of not-renewable raw materials. Environmental impacts linked to the not-renewable raw materials extraction include extensive deforestation, soil loss, air and water reserves pollution, reduction of biodiversity at the extraction site and energy consumption. In this context, the benefits of effective CDW recycling are evident. CDW recycling rates differ from country to country. While the European average is only 47%, some countries can reach 80% as the Denmark or the Netherland cases. According to the Revised Waste Framework Directive 2008/98/EC, the minimum recycling percentage of CDW by the year 2020 should be at least 70% by weight. This target shows the determination of the EU to promote the importance of recycling [2] .
The construction sector addressed significant efforts to find methods to re-use the high volumes of CDW generated each year. A practical solution can be to produce recycled aggregates from End-Of-Life (EOL) concrete as a replacement for natural aggregates. In this way, adopting recycling strategies to the EOL concrete, the improvement of environment condition and the secondary raw materials collection can be achieved at the same time [3] .
In order to obtain marketable recycled aggregates, contaminants, such as brick, plastic, wood, gypsum, etc., usually present into a Demolition Waste (DW) stream, must be absent or under the limits required by the market. More in detail, the presence of pollutants containing organic matter (i. e. wood, plastic, organic foams) and gypsum in the CDW stream must be minimized for high-grade applications [4] . In particular, all these substances contain high levels of sulphur compounds and acid soluble sulphate, representing not only an environmental problem for the possible sulphate leaching, but also a technical problem, influencing the properties of the final product. Indeed, gypsum can produce expansive compounds in cement-based materials, whereas organic substances can induce delay in setting and in hardening of cement based materials or cause a lack of bonding strength. Moreover, the presence of materials with a lower mechanical strength can determine the presence of "weak zones" in the final product.
The present study was carried out in the framework of the European project: "Advanced Technologies for the Production of Cement and Clean Aggregates from Construction and Demolition Waste (C2CA)" (FP7 Collaborative project -Grant Agreement No 265189), investigating the possibility to implement a cost-effective approach for in situ recycling of EOL concrete streams into new "green" concrete. For this purpose, advanced technologies were developed in order to turn demolition concrete into clean aggregates for new concrete production. Typical processing stages for CDW recycling include crushing, screening, sieving and removal of impurities adopting mechanical and/or manual sorting devices [5] . State-of-the-art quality control of recycled fractions from CDW is mainly limited to visual inspection and laboratory samples analysis, the exception being the automatic and on-line measurement of the moisture content. The possibility to control materials directly in the plant can improve not only the quality of the entire process but also can represent an important step-forward for the final certification of the resulting recycled materials [6] . Furthermore following this approach shortcuts of the state-of-the-art-methods to perform processing control actions can be implemented especially thanks to the analytical speed response and possible the consequent feedback or feed-forward control actions. The current study was thus focused on the realization of an automatic system able to identify DW materials in order to make easier their conversion into useful secondary raw materials. A sensorbased quality control system able to detect, recognize and classify recycled aggregates, obtained through an innovative dry separation process, called "advanced dry recovery" (ADR), and unwanted contaminants, such as brick, wood, plastic, gypsum and foam was thus developed.
More in detail, the developed classification method is based on the utilization of HyperSpectral Imaging (HSI) sensing devices acting in the NIR range (1000-1700 nm).
An integrated hardware and software architecture constitutes the HSI system: it allows to digitally capture and handle spectra, as they result along a pre-defined alignment on a surface sample properly energized [7, 8] . Hyperspectral sensor produces a 3D dataset, the "hypercube", characterized by two spatial and one spectral dimensions. In the hyperspectral images, the wavelength bands are typically in an equally spaced sequence, so a full spectrum is obtained for each pixel that can be analyzed giving spectral information about samples [9] . Sample spectral behavior is linked to its physical-chemical features according to the different investigated wavelengths and it can be used for a rapid materials recognition/classification.
Materials and methods

Samples
Strukton company (NL) provided samples representative of some contaminants of concrete, collected after the demolition of a building in Groningen (NL). Pollutant samples are particles of wood, plastic, gypsum, brick and foam. The investigated concrete aggregates came from the same demolition waste, but after Advanced Dry Recovery (ADR) processing in TUDelft (Delft, NL) [10] . Natural Aggregate (NA) utilized for concrete preparation is typically gravels [11] of quaternary postglacial river, partially mechanically crushed. NA mix is usually composed by different rocks: sandstone, granite, quartzite and small amount of dolomites and porphyries. Recycled aggregates can be covered from a small amount of attached mortar paste, usually made of binder such as cement (consisting essentially of hydraulic calcium silicates, containing calcium sulfate), water and fines.
This study was thus carried in order to define the best classification strategy for identification of aggregates and each pollutant material. Each single contaminant class is identified in order to monitor the efficiency of the processing actions of the entire recycling plant. Indeed, the presence of some pollutants, instead of others, can give useful information about the performances of the previous separation stages.
In order to reach this goal, HSI model classification was performed using two experimental set-up, as described in the following: -Experimental set-up 1: the training sample set. Particles of aggregates (3 particles), brick (2 particles), foam (3 particles), gypsum (3 particles) and plastic (4 particles), wood (1 particle) arranged in 7 lines, were acquired generating a training image sample set used to build the classification model ( Figure 1 ) [12] . -Experimental set-up 2: validation sample set. Particles of aggregates (5 particles), brick (2 particles), foam (3 particles), gypsum (2 particles), plastic (2 particles) and wood (2 particles) were arranged in 6 groups based on their composition and acquired by HSI (Figure 2 ). This second acquisition was carried out in order to validate the classification model developed through the training sample set.
A specifically designed function was implemented in Matlab in order to improve the obtained classifications, giving a "clean classification". This function measures the number of pixels belonging to each class on a single particle in the predicted image and the class with the major number of pixels is assigned to the entire object.
The hyperspectral imaging (HSI) system
Hyperspectral images were acquired adopting a specifically designed platform ( Figure 3 ) by DV srl (Padova, Italy) located at the Laboratory for Particles and Particulate Solids Characterization (Latina, Italy) of the Department of Chemical Engineering, Materials and Environment (Sapienza -University of Rome, Italy). The adopted platform is able to perform both static and dynamic analysis, indeed it is equipped with a conveyor belt (width = 26 cm and length = 160 cm) with adjustable speed to simulate the behavior of material flowstream in a real industrial plant. Moreover the system consists of a NIR Spectral Camera™ (Specim, Finland) equipped with an ImSpector N17E™ imaging spectrograph working with a spectral sampling/pixel of 2.6 nm, coupled with a Te-cooled InGaAs photodiode array sensor. The device works as a push-broom type line scan camera allowing the acquisition of spectral information for each pixel in the line. In order to provide the required energy for the process, a diffuse light cylinder containing five halogen lamps producing a continuous spectrum signal optimized for spectra acquisition in the NIR wavelength range (1000-1700 nm) is present. A PC unit equipped with specifically developed software (Spectral Scanner™ v.2.3) allowing to acquire, collect and manage the spectra controls the HSI system. Hyperspectral data were acquired in the 880-1720 nm wavelength range, with a spectral resolution of 7 nm, for a total of 121 wavelengths. The width of the images was 320 pixels and the number of frames was variable according to the length of the image to acquire.
A calibration, obtained recording two reference images (one for black and one for white) was preliminarily carried out. Black image (B) was acquired in order to remove the dark current effect of the camera sensor covering the camera lens with its cap. The white image (W) was acquired adopting a standard white ceramic tile under the same condition of the raw image.
Corrected hyperspectral image (I) was obtained applying the following equation to the original sample image S:
Spectral data analysis
The PLS_Toolbox (Version 7.9.3, Eigenvector Research, Inc., Wenarchee, USA) running under Matlab ® (Version 8.4, The Mathworks, Inc., Natick, Massachusetts, USA) environment was used in order to analyze hyperspectral images. After a preliminary pre-processing procedure, chemometric techniques were applied. Principal Components Analysis (PCA) was used in order to explore the data, to define classes and to evaluate the best algorithms for successive classification model, while for classification purpose Partial Least-Squares Discriminant Analysis (PLS-DA) was adopted.
Spectra pre-processing and exploratory analysis
In order to remove effects due to the background noise, at the beginning and at the end of the acquisition range, the raw spectra were cut: spectral variables were thus reduced from 121 to 93, obtaining a new investigated wavelength interval (1006 to 1650 nm). The wavelengths to be removed were selected as result of different experimental tests showing which part of signal was more affected by the noise due to sensor and sensing architecture.
To highlight sample spectral differences and to reduce the impact of possible external sources of variability, hyperspectral data were preprocessed adopting a combination of three algorithms: Mean Centering (MC), Detrend and Standard Normal Variate (SNV). MC is one of the most common pre-processing methods calculating the mean of each column and subtracting this from the column. It is useful to remove the constant background contribution, not interesting for the data variance interpretation [13] . Detrend algorithm removes constant, linear, or curved offset. This algorithm is a baseline correction method and the baseline is modeled as a function of wavelength, with a polynomial ( ). The polynomial is then subtracted from the spectrum:
where , is the transformed element, is the original element and is the baseline value at wavelength of spectrum [14, 15] .
SNV is a weighted normalization adopted to solve scaling or gain effects due to path length effects, scattering effects (depending on the physical nature of the material and the particle size), source or detector variations, or other general instrumental sensitivity effects [16] . The basic format for SNV correction is in the following equation:
where org is one original sample spectrum measured by NIR instrument, corr is the corrected spectrum, 0 is the average value of the sample spectrum to be corrected and 1 is the standard deviation of the sample spectrum [17] .
After preprocessing, Principal Component Analysis (PCA) was applied as exploratory data analysis [18] . PCA projects the samples into a low dimensional subspace, whose axes (the principal components, PCs) point in the direction of maximal variance, compressing the data. Looking at the distribution of samples into the PCs space, it is possible to interpret differences and similarities among them: the more they are grouped, the more they have similar spectral features. Furthermore, PCA highlights the presence of trends among samples, giving preliminary information about distribution of different specimen on an image [19] .
PLS-DA classification
Partial Least-Square Discriminant Analysis (PLSDA) was adopted in order to build a predictive model able to classify aggregates and pollutants. This technique is a supervised classification method that requires a prior data knowledge [20] and it is a linear method based on the use of partial least squares regression. Starting from samples with known classes, a discriminant function is built to be used to classify new unknown samples, made of the same material of the known ones. PLS-DA builds a subspace of latent variables (LVs), which are linear combinations of the original variables, and it looks for the LVs with a maximum covariance. It is necessary to evaluate the optimal dimension of the LVs subspace in order to perform the best classification model as possible [21] . The PLS-DA model allows to assign to each unknown sample (in this case, pixel) only one of the available defined classes, according to the similarity among spectra. After the application of PLSDA, the results can be shown in prediction maps in which each class is defined by a different colour. 
Results
The spectra of the different materials, collected in the NIR range, provide chemical information about their composition, being spectral signatures absorption bands strictly related to C-H, O-H and N-H overtones.
Explorative analysis and class setting
The explorative analysis was carried out after spectra pre-processing. In Figure 4a the average raw spectra are shown, while the spectra after the application of Mean Center, Detrend and SNV algorithms are reported in Figure 4b .
The sample set corresponding to the Experimental set up 1 was analyzed by PCA. It is evident, from the analysis of Figure 5 , that the six classes are well separated along the first and the second principal components: the majority of the variance was captured by these PCs, as shown in the score plot, where PC1 and PC2 explained 58.43% and 25.03% of the variance, respectively.
In order to build the training dataset for the classification purpose, some border cluster points "different" from all other spectra of the same category were removed and classes were set on the remaining pixels.
PLS-DA classification
PLS-DA model was built adopting the same pre-treatment algorithms used to perform the previous explorative analysis. In order to verify its classification ability, the built model was applied to the image corresponding to the Experimental set up 2. The results, in form of prediction maps, are reported in Figure 6 .
PLS-DA results can be estimated taking into account the values of the sensitivity and specificity obtained for classification model. These parameters, ranging from 0 to 1, being 1 the ideal one, can be considered as model ef- ficiency indicators. Efficiency of the classification model was evaluated on the basis of its sensitivity and specificity on the training and test sets. The Sensitivity estimates the model ability to avoid false negatives (i. e. number of samples of a given type correctly classified as that type), while the specificity is the estimation of the model ability to avoid false positives (the number of samples not of a given type correctly classified as not of that type). In Table 1 sensitivity and specificity in calibration and cross-validation are reported.
The built model gives a good classification even if some sporadic misclassifications occur. It is necessary to take into account that these materials were not washed, so some pixels, corresponding to a pollutant, can have similar spectra of aggregates distorting the classification result. Furthermore there are some light scattering problems due to the "rough" and heterogeneous particles surface that can contribute to the presence of errors and/or misclassifications.
However it is easy to identify the predominance of a single class on each particle in the image and the appli- cation of the implemented Matlab function for the "clean classification" allowed a better result. In Figure 7 the labels for the particles of the Experimental set up 2 used to build the Table 2 , showing the percentages of pixels belonging to each class for every particle are reported. In Figure 8 a new classification obtained after the imposition of the constraint rules about the maximum percentage of assigned pixels to a specific class is reported. 
Conclusions
The possibility to develop an efficient recovery and reuse of concrete materials, considered as secondary raw materials, represents one of the main targets in the DW sector. The achievement of this goal can contribute to decrease the steady supplies of good quality natural aggregates but in the same time it can secure large supplies of concrete aggregates to the construction industry and moreover it can reduce the environmental constraints linked to the DW waste disposal, especially in urban regions.
Several benefits can be thus reached: i) the reduction of new non-renewable resources exploitation and of the costs linked to transport and energy production, ii) the possibility to utilize materials that otherwise should be lost (i. e. land filled), iii) the land preservation in respect of future urban development and, finally, iv) the reduction of the impact, on the environment, of new exploitation activities of not-renewable resources.
Starting from these premises the possibility to identify a suitable sensor technology for quality measurement and control of recycled streams along the entire chain, from demolition to "new" concrete and/or mortar production, able to recognize and characterize recycled aggregates, as well as the presence of contaminants can represent an important starting point to develop, implement and set up on-line control strategies to apply before and after demolition actions.
In this study a procedure based on HyperSpectral Imaging in the NIR region was thus developed in order to identify different materials in a DW stream: five types of contaminants (i. e. brick, plastic, gypsum, wood and foam) and recycled aggregates.
Acquired NIR-HSI based data were handled with chemometric methods. Analyses were carried out adopting PCA for the exploratory analysis and PLS-DA for the classification purpose. The proposed procedures allow, respectively, to reduce spectral dimension and to extract useful image features to perform a discrimination between the different classes of materials. The obtained results showed that the classification was good and sporadic misclassifications are probably due to light scattering, samples heterogeneity and/or presence of impurities. Negative effects (i. e. materials misclassification) linked to the presence of water (i. e. humidity) and dust are negligible in common operative condition that is almost dry materials and relative coarse particles (few mm and up) handling. In order to improve the classification, a logic defining the maximum percentage of assigned pixels to each class for every particle in the validation image was implemented: only one class was thus attributed to each object in the image to be predicted.
The proposed HSI based approach allows to control the quality of recycled aggregates and to monitor the efficiency of the recycling process. This innovative system is objective, fast and non-destructive and, compared to other sensing/detection techniques (i. e. X-ray or LIBS based) for the same recognition rate, it is safer, easier to use and allows to perform low-cost analysis. Cheapness is an aspect of particular relevance in order to develop an economically affordable techniques for characterization, especially with reference to secondary raw materials, whose management cannot adopt expensive and sophisticated control architectures, both for technical (i. e. particles of different size, shape and composition) and economic reasons (i. e. relatively low value of the materials to recover). Therefore HSI approaches can be profitably utilized to set up online strategies finalized to improve recycling processes efficiency, reducing costs and improving the "final quality" of the recovered products.
